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Abstract—With the inevitable dominance of video traffic on the
Internet, providing perceptually good video quality is becoming a
challenging task. This is partly due to the bursty nature of video
traffic, changing network conditions and limitations of network
transport protocols. This growth of video traffic has made Quality
of Experience (QoE) of the end user the focus of the research
community. In contrast, Internet service providers are concerned
about maximizing revenue by accepting as many sessions as
possible, as long as customers remain satisfied. However, there
is still no entirely satisfactory admission algorithm for flows
with variable rate. The trade-off between the number of sessions
and perceived QoE can be optimized by exploiting the bursty
nature of video traffic. This paper proposes a novel algorithm
to determine the upper limit of the aggregate video rate that
can exceed the available bandwidth without degrading the QoE
of accepted video sessions. A parameter β that defines the
exceedable limit is defined. The proposed algorithm results in
accepting more sessions without compromising the QoE of on-
going video sessions. Thus it contributes to the optimization of
the QoE-Session trade-off in support of the expected growth of
video traffic on the Internet.
Index Terms—QoE, MBAC, Video, Optimization.
I. INTRODUCTION
W ITH the inevitable dominance of video traffic on theInternet, it is becoming a challenging task to provide
perceptually good video quality. This is partly due to the
bursty nature of video traffic, changing network conditions and
limitations of network transport protocols. Cisco predicts that
“The sum of all forms of video (TV, video on demand [VoD],
Internet, and P2P) will be in the range of 80 to 90 percent
of global consumer traffic by 2018” [1]. Over the last decade,
efforts have been made to provide Quality of Service (QoS)
within the core network by considering objective parameters at
the network layer such as bandwidth, delay and jitter. Diffserv
[2] is an example of these paradigms that can support QoS.
The research community and Internet Service Providers (ISP)s
have made subjective quality, as perceived by the end user,
a main research target. The International Telecommunication
Union (ITU) defines this parameter as “Quality of Experience”
(QoE) [3]. The current design of the Internet has to be
enhanced to extend the scope of QoS to consider end-to-end
quality, be content-aware and user centric.
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Admission control is a well known technique to keep
traffic load at acceptable levels and guarantee quality for
admitted sessions via resource reservation. This idea has
been adopted in the past in QoS architectures such as in
Diffserv. Thus, some sort of explicit admission control is
required to provide per-session QoE by which the network
has the right to deny sessions to ensure that the QoE of active
sessions is not affected by new sessions. ISP are concerned
about maximizing revenue by accepting as many sessions as
possible. Measurement-Based Admission Control (MBAC) has
been proposed as a solution. In contrast to parameter-based
admission control, it is better suited to video traffic. MBAC
relies on the measurement of video characteristics such as
current load and peak rate. Different algorithms have been
proposed to estimate network load [4]; however there are
algorithms which rely on the Instantaneous Aggregate Arrival
Rate (IAAR) for their operations.
Despite all the efforts, there is no entirely satisfactory
admission algorithm for variable rate flows [5]. Admission
control algorithms must not rely on worst-case bounds or
instantaneous video arrival rate, as they do not reflect the
bursty characteristic of video traffic. This is due to the fact
that the burstiness of video flows can be compensated by
the silence of other flows. The Internet Engineering Task
Force (IETF) has standardized the Pre-Congestion Notification
(PCN) based admission control for the Internet [6] which
merely relies on the calculated rate for a measurement pe-
riod. The perceived QoE-Session relationship can be greatly
optimized by exploiting the bursty nature of video traffic.
This paper contributes to the measurement mechanism for
QoE-aware admission control. It proposes a novel traffic rate
measuring algorithm for video admission control mechanisms.
The relationship between IAAR and the proposed rate is es-
tablished mathematically. We call the proposed measured rate
“Proposed Instantaneous Aggregate Arrival Rate” (Pro-IAAR)
and proposed admission control procedure based on Pro-IAAR
“Pro-IAAR-Based Measurement Admission Control” (Pro-
IBMAC). We also call the admission control procedures which
are based on the Calculated Rate (CalR) such as PCN “CalR-
Based Admission Control” (CBAC).
Whereas traffic measurement algorithms and MBAC have
been widely covered by the research community, to the best
of our knowledge this is the first work that includes QoE in the
area of the QoE-Session optimization. The main contributions
of this paper are twofold:
1) A novel algorithm for traffic measurement supported
by the mathematical model is proposed. The algorithm
2measures the exceedable video aggregate rate that is able
to keep the video quality unimpaired. The exceedable
rate is the total bitrate of enrolled video traffic that can
exceed the available link capacity without degradation
to the user’s perception of quality.
2) Operation of the proposed measurement algorithm is
demonstrated with an implementation in a QoE-aware
admission control procedure for video admission.
The remainder of the paper is organized as follows. Section
II presents related work. Assumptions made by this paper
are detailed in Section III. Section IV provides a theoretical
background of QoE. Section V presents the mathematical
model for the proposed algorithm. The simulation setup is
explained and results are presented and discussed in Section
VI. Section VII describes the environment of the subjective
tests and analysis of the collected data. The proposed model
is validated in Section VIII. The paper concludes with Section
IX.
II. RELATED WORK
MBAC is not a new topic as work has been undertaken since
video traffic has emerged on the Internet. It includes two main
components: measurements of network load and admission
policies. Four MBAC algorithms are presented in [7] based
on Chernoff bounds. A MBAC scheme based on measured
mean and variance of load offered to the cross-protect priority
queue is proposed in [5].
As traffic flow rate is only meaningful if it is associated
with a corresponding interval length. Network traffic over
some interval has been studied as an essential part of the
MBAC functionality. The admission control scheme proposed
in [8] estimates the equivalent capacity of a class of aggregated
traffic based on Hoeffding bounds for controlled-load services.
The suitability of the average instead of the instantaneous
arrival rate for video streaming admission decisions has been
investigated in [9]. An algorithm for MBAC has been intro-
duced in [10] that employs adaptive and measured peak rate
envelopes of the aggregate traffic flow to allocate resources for
multiclass networks with link sharing. The flow behavior as a
function of interval length can be described by the proposed
rate envelope which characterizes the extreme values (maximal
rates) of the aggregate flow that can avoid packet loss. As a
supporting mechanism in flow and admission control, tech-
niques have been developed for estimating available bandwidth
[11], [12], [13], [14] and [15].
Other studies have compared the performance of MBAC
algorithms. The simple sum; a parameter-based admission
control algorithm has been compared to three measurement-
based algorithms; the measured sum, acceptance region and
equivalent bandwidth based on the link utilization and adher-
ence to service commitment [16]. The robustness of [8], [16]
and [10] in meeting the QoS target have been compared in
[17]. They have been further evaluated based on maximum
tolerable packet loss rate and maximum packet queuing delay
without assuming any explicit knowledge on incoming flows
and on-going traffic [18]. All of the three studied algorithms
were found to meet the first target of maximum tolerable
packet loss rate while only [10] was able to always meet
the second target of maximum packet queuing delay. The
knowledge-base admission control scheme introduced in [19]
determines whether to accept a flow based on QoS perfor-
mance parameters such as maximum tolerable delay or packet
loss rate. The scheme achieves a good trade-off between flow
performance and resource utilization compared to [16] and
[10]. In [20] the architecture of centralized, distributed, hybrid,
class-based and active/passive MBAC and their limitations on
the quality control of network services have been compared.
The efficiency of MBAC algorithms depends on interactions
between several time-scales, ranging from the very short time
scales to the entire session. Work in [21] has studied how
uncertainty in the measurements of MBAC varies with the
length of the observation window and described a method-
ology for analyzing measurement errors and performance.
The concept of similar flows and adding slack in bandwidth
have been introduced to minimize the probability of false
acceptance. In [22] an implementation-based comparison of
MBAC algorithms has been made using a purpose built test
environment. It has revealed that there is no single ideal
MBAC algorithm due to computation overheads, multiple
timescales present in both traffic and management and error
resulting from random properties of measurements. These fea-
tures dramatically impact the MBAC algorithm’s performance.
Work presented in [23] has proposed a delay-aware ad-
mission control to guarantee delay bounds for delay sensitive
applications. The video quality model presented in [24] targets
Skype video calls based on measurement and can be used for
user QoE-aware network provisioning. The model can find the
minimum bandwidth needed to accommodate N concurrent
Skype video calls with satisfactory Mean Opinion Score
(MOS). The study conducted in [25] has investigated the sys-
tem architecture, video generation and adaptation, packet loss
recovery and QoE of video-conferencing solutions. Google+,
iChat and Skype were all covered in the study. The delivered
quality was measured in terms of end-to-end delay in a wide
range of real and emulated network scenarios. The study has
found that the layered video coding and server architecture
(used by Google+ and Skype) can significantly improve user
conferencing experiences. Most recently, [26] has proposed
a model-based admission control algorithm to predict the
QoS metrics based on which and the QoS constraints of the
flows, appropriate decision for new flow is taken. The average
number of satisfied users was maximized through a QoE-aware
scheduling framework by sending a single bit feedback to
indicate the satisfaction level [27].
As a cutting edge proposed admission control mechanism
for multimedia network, the PCN-based admission control [28]
has attracted the attention of researchers. Several modifications
to the PCN algorithm have been proposed in [29]. An exten-
sion to the PCN-based admission control system has been pro-
posed in [30]. A novel metering algorithm based on a sliding-
window, to cope with the bursty nature of video sessions and
another adaptive algorithm to facilitate the configuration of
PCN were proposed in that work.
Admission control has also been proposed to better support
applications with QoS requirements in wireless networks. The
3appropriate thresholds for admission decisions were studied by
[31]. A flow-level mechanism for multiple antenna equipped
nodes to maximize flow acceptance and improve network
throughput has been developed in [32]. A QoE-based admis-
sion control for wireless has been proposed in [33] in which
the access point controls video sessions based on the MOS
scores computed by pseudo-subjective quality assessment tool
run on the access point.
Most of the MBAC algorithms that have been discussed
in the literature are per-aggregate MBAC algorithms. The per-
flow MBAC algorithm presented in [34] targets the flow-aware
network by adopting dynamic priority scheduling for flow
aggregation. A newly admitted flow is given a lower priority by
the proposed algorithm, however its priority is improved when
an existing flow leaves the network. Finally, an enhancement
to the MBAC has been proposed to mitigate the impact of
fair rate degradation and ensure better quality in flow-aware
network by [35].
III. ASSUMPTIONS
This paper makes the following assumptions:
• Video traffic is the dominant Internet traffic [1]. It is the
only traffic that is subject to admission control. Other
traffic volumes are small in comparison and therefore
only video traffic is considered.
• Video traffic is bursty in nature as video applications in
reality send traffic at a very variable rate [21].
• An explicit admission control is required to provide an
acceptable level of QoE [21] on bottleneck links.
• There is no danger of a “flash crowd”, in which many
admission requests arrive within the reaction time of
admission mechanisms, because then they all might get
admitted and so overload the network [28].
IV. QOE; A NEW QUALITY PARADIGM
QoE is the quality as experienced by end users. The purpose
of introducing QoE is to include all aspects of multimedia
systems that are related to media quality. Addressing quality
from end user experience or perceived QoE is a relatively
new approach which requires more research in all directions
such as optimization, assessment, monitoring, management
and prediction. This is due to the emergence of massive
video services and development of huge number of video
capable devices such as smart phones [1]. Various layers (from
video encoding to decoding) and across the access and/or
core networks are involved in providing an end-to-end QoE
to end users. Technically, perceived video quality is affected
by the trade-off relationship between encoding redundancy and
network impairments. In addition to network parameters such
as bandwidth, delay, packet loss ration, other technical and
non-technical parameters may affect quality [36].
There are different approaches to measure and estimate
QoE. Subjective, objective or hybrid approaches are mainly
used for that purpose. Since people have different perceptions
of the same video content, groups of people carry out sub-
jective tests by grading the shown sequence. This is time-
consuming and costly; however it is worthwhile as real users
are involved in the tests. Objective video quality metrics
are often proposed because none of the QoS parameters can
precisely define the QoE of multimedia services [37]. These
objective approaches are carried out by the use of algorithms
and formulas. Peak Signal to Noise Ratio (PSNR) and Struc-
tural Similarity (SSIM) are two full reference objective video
quality metrics. They compare the original video with received
(possibly distorted) video and calculate the MOS value. PSNR
is mostly used for its simplicity and good correlation with
the subjective video test result. PSNR tools are available to
calculate the PSNR value. A possible mapping of PSNR to
MOS is shown in Table I [38]. However, this is a problematic
approach as PSNR does not directly correspond to MOS [39].
On the other hand, SSIM estimates the perceived quality
frame by frame and is considered to have a higher correlation
with subjective quality ratings [40]. The SSIM index assumes
that the human visual system is more oriented towards the
identification of structural information in video sequences. It
produces a score between 0 and 1 from original and received
signals [41]. The third approach is a hybrid between subjective
and objective methods in which both the technical parameters
as well as human rating are taken into account [42] [43].
ITU recommends objective modeling of measurable technical
performance and subjective testing with people [36].
TABLE I
POSSIBLE PSNR TO MOS MAPPING
PSNR MOS Quality
>37 5 Excellent
31-37 4 Good
25-31 3 Fair
20-25 2 Poor
<20 1 Bad
V. MODELING
A. Measurement Algorithm
In this section, we describe a new approach to measure traf-
fic rate that suits video traffic. For the benefit of comparison,
we introduce the traditional approach of traffic measurement
IAAR then present our proposed measurement algorithm Pro-
IAAR. Since, the measurement mechanism is proposed for
video admission procedures, it will be modeled into an ad-
mission control scheme Pro-IBMAC; Equation (9). IAAR at
any time t>0 and i>0 can be expressed by Equation (1):
IAAR(t) =
n∑
i=1
xi(t) (1)
where xi(t) is the instantaneous arrival rate (throughput) of
session i at time t, and n is the number of sessions. Let xi(t) be
an independent random variable with minimum rate xmini (t),
peak rate xmaxi (t) and x
min
i (t) ≤ xi(t) ≤ xmaxi (t). Further
assuming that xi(t) is a discrete random variable that takes
any set of values from a finite data set x1(t), x2(t), .... xn(t)
each of probability p1(t), p2(t), .... pn(t) respectively.
A new session will be accepted by CBAC, if the sum of
CalR(τ ) for the time window (τ ) plus the peak rate of the
4new session xnew is less or equal to the link’s capacity Cl as
given by Equation (2):
CalR(τ) + xnew ≤ Cl (2)
In our proposed scheme we consider Pro-IAAR(t) as an
admission parameter instead of CalR(τ ). Now we find how
Pro-IAAR(t) is related to IAAR(t). We utilize the Hoeffding
inequality theorem [44] to develop a model for Pro-IAAR(t).
The reason behind this approach is that the Hoeffding theorem
relates IAAR(t) and the average of IAAR(t); µS(t). It defines
the upper bound of the probability that the sum of n indepen-
dent random variables will be greater than the average by n
or more for  > 0. Equation (3) quantifies this probability
relationship between IAAR(t) and µS(t). We then develop
a relationship between Pro-IAAR(t) and IAAR(t). Hoeffding
bounds were first used for admission control algorithms in
[8].
Pr{IAAR(t) ≥ µS(t) + n} ≤ γ (3)
where γ is given by Equation (4):
γ = exp
( −2n22∑n
i=1(x
max
i (t)− xmini (t))2
)
(4)
µS(t) is the expectation value of IAAR(t) which is given by
Equation (5) in which pi represents the probability the session
i is active:
µS(t) = EIAAR(t) =
n∑
i=1
xi(t) pi(t) (5)
The term µS(t)+n in Equation (3) represents the proposed
Pro-IAAR(t) at time t which is given by Equation (6) and  is
given by Equation (7):
Pro-IAAR(t) = µS(t) + n (6)
 = βµS(t)
n− 1
n
0 < β ≤ 1 (7)
Parameter β represents how much the total bitrate of en-
rolled video traffic can exceed the available link capacity with-
out degradation to the user perception quality. It governs the
degree of the efficiency of Pro-IBMAC. Therefore, choosing a
proper value for β controls the degree of risk of the admission
decision as it balances the QoE-Session trade-off relationship.
The value of β that optimizes this relationship is referred to
as “proposed value” in this paper.
The condition >0 of Equation (3) is satisfied by setting
β >0 in Equation (7) (assuming that n>1). Although Equation
(7) is also valid for β >1, the scope of the proposed scheme
is only for 0< β ≤1. High values of β within this range lets
Pro-IBMAC function similar to traditional admission control
mechanisms, while a smaller value leads to accepting more
sessions and compromising QoE. We propose a model for β
in Section V-B.
A new requested session will be accepted by Pro-IBMAC
if the condition in Equation (8) meets:
Pro-IAAR(t) + xnew ≤ Cl (8)
Substituting Equations (5) and (7) in Equation (6), then
Equation (6) in Equation (8), we get:
n∑
i=1
xi(t) pi(t){1 + β(n− 1)}+ xnew ≤ Cl (9)
In Equation (9), xnew is the required rate of new session
and Cl is the link capacity. Studies recommend that peak rate
be measured for xnew using techniques such as token buckets
and traffic envelopes [8] and [10]. Others compute the peak
rate of a new incoming flow by tracking the first A packets of
the flow and using sliding window [19].
In summary, Pro-IBMAC in Equation (9) employs Pro-
IAAR(t) in Equation (6) which is based on the Hoeffding
inequality theorem. The value of γ in Equation (4) specifies
the level of optimization achieved by considering Pro-IAAR(t)
in terms of number of sessions that can be fitted on a particular
link compared to the CalR(τ ) in Equation (2).
B. Proposed Model for β
The tuning parameter β affects the operation of the proposed
algorithm. The value can be set to optimize the trade-off
relationship between QoE of enrolled sessions and number
of sessions. In this section, we develop a model for β. We
estimate the value of β using two publicly available video
sequences; a 30-seconds clip called Mother And Daughter
(MAD) and a 35-seconds clip called Paris. These two video
sequences are used to validate the proposed β model for
various video content. Similar short sequences have also been
used for video streaming service and subjective tests [45].
While choosing the videos, the following points were taken
into consideration: firstly, long video is not practical for
subjective tests in which subjects evaluate a numbers of videos.
Secondly, the aim was to evaluate the admission control-
specifically the acceptance/rejection of sessions-and evaluate
the admission rate. Thus the duration of video is not expected
to have effect on the evaluation of the proposed algorithm.
The MAD sequence was taken as a slow moving content due
to low motion of its video scenes and Paris as a fast moving
content due to fast motion of its video scenes. The considered
contents were classified into slow and fast based on common
conventions and the size of their encoded frames, as faster
content has larger frame size. Other studies have classified
video contents in a similar way, e.g. [45]. Details about the
video sequences are shown in Table II. Other simulation
settings including the coding and network parameters are
explained in Section VI-A.
We run extensive simulation to find parameters that poten-
tially affect β. Cl, n and QoE were found to have impact on
β. QoE was measured by simulation which will be explained
in Section VI-A. To understand the impact of any of these
parameters on β, the values of the other two parameters
(controlling parameter) were kept fixed. The values of the
controlling parameters for both sequences are shown in Fig.
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VIDEO SEQUENCE DESCRIPTION
Description Video sequence 1 Video sequence 2
Name MAD Paris
Description A mother and daughter A woman playing with a
speaking, low motion. ball and a man spinning a
pen continuously, high
motion.
Frame Size CIF (352x288) CIF (352x288)
Duration(second) 30 35
Number of frames 900 1065
1, 2 and 3. These figures also show the relationship between
β and each of Cl, n and QoE respectively.
Equation (10) shows the mathematical relationship between
the four parameters. However, in this paper we focus on a
value of β that produces excellent quality (MOS=5) only. Thus
QoE was not considered as a variable in the proposed model
of β. The exponential relationship between β and QoE shown
in Fig. 3 will be included to the model of β in future studies
to provide multi-class MOS.
β ∝ QoE,Cl
n
(10)
The simulation data was analyzed with 2-way repeated
analysis of variance (ANOVA) [46] to confirm the significance
of Cl and n in modeling of β. Also, it can find the difference
between means given by the remaining two parameters Cl
and n. ANOVA let us understand the effect of parameters and
their interaction on β which will later be used in the regression
modeling. The ANOVA results are shown in Table III for F
and p-values: the Cumulative Distribution Function (CDF) of
F. Parameter with (p<0.05) is considered to have significant
impact on β. The analysis results indicate that β is affected
by each of Cl and n as p-values are 0 and 0.0023 respectively.
The result also shows that the combined parameters have no
interaction effect on β because the p-value is 0.6249. This can
be justified by the fact that n is determined by Cl; the higher
capacity of the link, the more sessions are accepted. Based on
the value of p in the table, we can conclude that β is affected
more by Cl than by n.
The relationship between β, n and Cl can be established
from ANOVA analysis and Fig. 1 and 2. We found that there
is a linear relationship between β and Cl and a polynomial
relationship between β and n. Finally, the rational model
shown in Equation (11) was formulated to estimate the value of
β from the nonlinear regression analysis of the simulation data
using MATLAB. The values of the coefficients of Equation
(11) are listed in Table IV and V. As n is determined by the
size of video frames (content dependent), different values for
the model coefficients were found for slow (MAD sequence)
and fast (Paris sequence) moving contents. The table also
shows the correlation coefficient (R2) and Root Mean Squared
Error (RMSE) of the proposed model for both contents.
β = α+ (
Cl
δ ∗ n ) (11)
The model for β was proposed based on two video se-
quences (MAD and Paris), however the methodology is similar
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Fig. 1. β - Link capacity relationship
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Fig. 2. β - Number of sessions relationship
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Slow moving content (MAD video sequence), n=14, Cl=19Mbps
Fast moving content (Paris video sequence), n=13, Cl=25Mbps
Fig. 3. β - QoE relationship
and applies to faster moving content, such as sports, of the
same format (CIF). Thus, the model is limited to the video
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ANOVA RESULTS FOR MAIN AND INTERACTION EFFECTS
Source Sum of Degree of Mean F p-Value
squares freedom Squares
Cl 0.33001 1 0.33001 720.02 0
n 0.01807 2 0.00903 19.71 0.0023
Cl*n 0.00047 2 0.00023 0.51 0.6249
TABLE IV
COEFFICIENTS OF β PREDICTION MODEL AND MODEL VALIDATION
CORRELATION COEFFICIENTS - SLOW MOVING CONTENT (MAD VIDEO
SEQUENCE)
α δ
-0.5429 0.9689
Adjusted R2 (Validation) %88.44
RMSE (Validation) 0.0149
TABLE V
COEFFICIENTS OF β PREDICTION MODEL AND MODEL VALIDATION
CORRELATION COEFFICIENTS - FAST MOVING CONTENT (Paris VIDEO
SEQUENCE)
α δ
-0.1227 1.952
Adjusted R2 (Validation) %90.54
RMSE (Validation) 0.0124
format and coding parameters specified in Table II. The model
can be applied to other formats and coding parameters with
different coefficient values. This is because other formats
and/or coding parameters generate different frame sizes and
bit rates which control the number of sessions (parameter n
in the model) for a specific link capacity (parameter Cl in the
model). They only have impact on the value of the coefficients
of the model. The model will be validated by CIF and QCIF
video formats in Section VIII.
VI. RESULTS AND ANALYSIS
The simulation environment is explained in Section VI-A.
Section VI-B compares the proposed Pro-IBMAC to CBAC in
terms of MOS and number of the sessions, packet drop ratio
and delay. The impact of β on the functionality of Pro-IBMAC
is discussed in Section VI-C.
A. Simulation Setup
Since the number of admitted sessions for a specific link
capacity is the target of this study, only acceptance/rejection
policy of admission control was investigated. Queue size and
simulation time were chosen so as not to cause drop due to
insufficient queue length or time. The video format such as CIF
or QCIF has impact on the number of admitted sessions due to
the difference in the size of encoded frames. In this paper, CIF
(352x288) is assumed for input video as an acceptable video
format for most video capable devices such as handsets and
mobiles [45]. It is also suitable for videoconferencing systems
delivered on telephone lines. While modern devices support
much higher resolution, CIF makes packet level simulation
practical. A bottleneck link of dumbbell topology over which
the video sources send to their peer destinations was con-
sidered for the implementation of the proposed Pro-IBMAC
scheme. In addition to β, Cl was the main variable in the
simulation. Other parameters such as link delay, queue length,
packet size were kept fixed. Lost packets were replaced with
0 by the etmp4 [39] decoder as a way for coping with the
losses. The values of the simulation parameters and settings
are shown in Table VI.
TABLE VI
ENCODER AND NETWORK SETTINGS
Parameter Value
Encoder
Frame size CIF(352x288)
Frame rate 30fps
Group of picture 30
Network
Cl(Mbps) 22, 24, 30, 36, 39, 40
Topology Dumbbell
Packet size(byte) 1024
UDP header size(byte) 8
IP Header Size(byte) 20
Queue size(packet) 5300
Queue management algorithm Droptail
Queue discipline FIFO(First In First Out)
Simulation time(second) 500
New sessions were requested randomly and continuously
every second. They were accepted as long as there was enough
bandwidth on the bottleneck link i.e: Equation (9) was satis-
fied. NS-2 [47] was used to measure CalR(τ ) and Pro-IAAR
and implement CBAC and Pro-IBMAC. The implementation
of the proposed Pro-IBMAC is summarized in Algorithm 1.
Algorithm 1 Proposed Pro-IBMAC
Given Cl, xnew and n
for Every video session request do
Compute µS(t) from Equation (5)
Compute β from Equation (11)
Compute Pro-IAAR(t) from Equation (6)
if Equation (9) = True then
Request accepted
else
Request rejected
end if
end for
The time window τ has an impact on the operation of
the admission control. The smaller the value of τ , the more
conservative the admission control and more sensitive to the
traffic bursts. On the other hand, the larger the value of τ , the
smoother the measured rate and less reactive to the changes
in the network load. In practice, τ will be a few seconds [48].
In this paper, IAAR(t) was averaged over 1-second.
The MAD video sequence described in Table II was fed to
the NS-2 simulator using EvalVid [39]. Evalvid provides a set
of tools to analyze and evaluate video quality by means of
PSNR and MOS metrics. The Evalvid MOS metric (We call
it simulated MOS) was used in this paper which calculates
the average MOS value of all frames for the entire video with
a number between 1 and 5, instead of the frame-wise PSNR
metric. The MOS metric represents the impression of the user
for the entire received video and has been widely used by
7research community [49]–[60]. Although the MOS metric does
not map very well to the subjective impression for a long
video sequence, it was used for short video sequences (30-
35 seconds) in this paper. In addition to the MOS metric,
we calculated the Distortion In Interval (DIV) metric [39] to
restrict the MOS metric within a fixed interval (30 frames
in this paper). This stringent metric calculates the maximum
percentage of received frames with a MOS smaller than that
of the sent frame within a given interval.
The efficiency of the proposed Pro-IBMAC and CBAC was
evaluated based on the QoE, number of sessions, packet drop
ratio and mean delay. These performance metrics were chosen
due to their impact on multimedia traffic. The performance of
Pro-IBMAC was tested to find the maximum number of video
sessions on a bottleneck link while keeping the QoE of each
session at acceptable or required levels. This was compared to
other procedures such as CBAC. The objective was to see how
Pro-IBMAC utilizes the available bandwidth compared to the
CBAC. Further simulations were used to investigate the effect
of parameter β on the performance metrics.
B. Pro-IBMAC vs CBAC
It has been found that there is a considerable difference
between the two schemes in terms of the number of accepted
sessions. This is plotted in Fig. 4. The number of admitted ses-
sions is always higher for Pro-IBMAC. The difference between
the number of admitted sessions increases with increasing
of the link capacity. For example, the number of admitted
sessions to 22Mbps link is 15 against 14 for Pro-IBMAC and
CBAC respectively, whereas it is 30 against 25 in the case of
40Mbps link. The main role of any admission control is to
ensure that the acceptance of a new session does not violate
the QoE of on-going sessions. We computed the MOS of
every single accepted session for both schemes. We found that
increase in n does not come at the cost of QoE as all accepted
sessions by Pro-IBMAC and CBAC were scored MOS 5. Note
that the MOS of video sessions is labeled on the secondary y-
axis in the figure. The value of β that produces this increase in
n and guarantees the video quality is also shown in the figure.
This will be further described in Section VI-C. However this
simulation outcome can not be generalized. Pro-IBMAC may
not guarantee the same level of QoE as the CBAC in a real
implementation. This is because our proposed scheme is based
on a probabilistic approach therefore, there is a possibility of
the upper bound to be lower than the bursty instantaneous rate,
especially for small τ .
Table VII shows mean MOS and DIV. The DIV values (0%)
indicate that all received frames have the same MOS as of
the original frames. It also lists the packet drop ratio of the
accepted sessions for Pro-IBMAC and CBAC for each link.
Since we aim at a β value that doesn’t degrade the MOS of
received videos, as mentioned in Section V-B, no packet drop
was expected.
As for the delay, we measured the mean delay using the
ns-2 trace files for both schemes. Fig. 5 illustrates the CDF
of the mean delay for the Pro-IBMAC and CBAC sessions
for 40Mbps link. As shown in Table VII, 30 sessions are
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TABLE VII
PACKET DROP RATIO AND ADMITTED SESSIONS OF Pro-IBMAC AND CBAC
Pro-IBMAC CBAC
Cl(Mbps) Packet
Drop MOS DIV β n n
% %
22 0 5 0 0.96 15 14
24 0 5 0 0.95 17 15
30 0 5 0 0.94 21 19
36 0 5 0 0.87 26 23
39 0 5 0 0.84 29 25
40 0 5 0 0.83 30 25
accepted by Pro-IBMAC for β=0.83 and 25 by CBAC. More
sessions on the same link by Pro-IBMAC caused higher delay
due to more buffering. Therefore the Pro-IBMAC sessions
experienced higher delay compared to the lower delay of the
CBAC sessions. Nevertheless, increase in the delay that comes
at the cost of the optimization of QoE-Session can not be
tolerated by real-time video traffic. For Pro-IBMAC to be
applicable to realtime traffic, a proper value of β must be
selected. Video streaming services can tolerate a delay of 5-
seconds [61], thus it can be used within this limit. In future
work, we will further investigate this relationship and develop
the model of β to include delay as another variable.
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8C. The Impact of β on Pro-IBMAC
As mentioned earlier, parameter β controls the degree of
risk between the admission decision and the QoE of existing
sessions. Fig. 6 shows the IAAR(t) (dash-dot line) and the
upper limit of the exceedable aggregate rate (solid line) that
allows more sessions (compared to sessions allowed by the
IAAR(t)), without QoE degradation of enrolled video sessions.
The proposed value of β for four scenarios (22, 30, 36 and
40Mbps) is shown in the figure. It can be seen that the lower
the value of β, the wider the gap between the two rates.
Decreasing β causes increase in the limit of the exceedable
rate. This makes Pro-IBMAC more flexible and it accepts more
sessions. This can be better observed in Fig. 7. It depicts the
number of admitted sessions for different link scenarios. The
solid line shows the number of sessions admitted by the CBAC,
while the other three lines show sessions admitted by Pro-
IBMAC for three different value of β (0.9, 0.85 and 0.78).
For the same link, the linear relationship between n and Cl
allows more sessions to be accepted by lowering the value of
β. For instance, for 39Mbps link, Pro-IBMAC accommodates
27, 28 and 30 sessions for β=0.9, 0.85 and 0.78 respectively
compared to 25 sessions of the CBAC. Note that β ≥ 0.84
guarantees accepted sessions with MOS 5 as shown in Table
VII.
25 30 35 40
−1
0
1
2
3
4
5
x 107
 Time(s)
 
R
at
e(b
ps
)
 
 
β=1, Cl=22Mbps
β=0.96, Cl=22Mbps
β=1, Cl=30Mbps
β=0.94, Cl=30Mbps
β=1, Cl=36Mbps
β=0.87, Cl=36Mbps
β=1, Cl=40Mbps
β=0.83, Cl=40Mbps
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However, continuous decreasing of β will degrade the QoE
of admitted sessions as more sessions are accepted. Therefore,
care is required to fine tune the value of β that optimizes
the operation of Pro-IBMAC. The aim is to accept as many
sessions as possible, while keeping the QoE of the sessions
at required levels. As per the proposed model, the value
of β depends on Cl, n and required QoE. We investigated
this further for 22Mbps and 24Mbps links. Fig. 8 shows the
number of MOS 2, 3, 4 and 5 sessions separately as well as
total number of sessions for 22Mbps link. If we consider that
the required class of QoE is MOS 5, then the proposed value
of β is 0.96, i.e. for β less than 0.96, sessions with multi-MOS
levels exist, while for β ≥ 0.96 all sessions score MOS of 5.
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Fig. 7. Admitted sessions of the CBAC and Pro-IBMAC for different link
capacities
It also can be seen in Fig. 8 that decreasing β from 0.96 to 0.5
increases the total number of sessions and number of MOS 3
and 2 sessions while decreasing the number of MOS 5 and 4
sessions.
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Fig. 8. Impact of β on MOS and n, Cl=22Mbps
In another scenario, we found that the proposed value of β is
0.95 for 24Mbps link as shown in Fig. 9. β of 0.95 or greater,
maintains the MOS of accepted sessions at 5, while β less than
0.95 produces sessions with multi-MOS classes which comes
at the cost of the QoE of enrolled sessions. For instance, β of
0.8 creates 18 sessions with MOS 4 and 1 session with MOS
3. Whilst β of 0.6 changes the number of MOS 4 sessions to
5 and MOS 3 sessions to 19 . Note that there are 19 sessions
in total for β=0.8 and 24 sessions for β=0.6.
Fig. 8 and 9 also show the DIV values of accepted sessions
at different β values. As the DIV was 0% for sessions with
MOS 5 and between 0% and 100% for sessions with MOS<5,
in the figures we simply labeled DIV=0 to denote all the
accepted sessions are MOS 5 and 0<DIV<100 denote that
9MOS of sessions are less than 5.
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Although most real-time applications can tolerate some
packet loss, more than an acceptable level may degrade the
quality of received video. As expected, fewer sessions of the
CBAC will guarantee no packet loss, in contrast extra added
sessions of Pro-IBMAC cause packet drop when β is set
lower than the proposed value and increases slightly with the
increase of the number of sessions. Table VIII presents the
percentage of the packet drop ratio of the Pro-IBMAC admitted
sessions for different value of β for 22Mbps link. The ratio
increases with the decrease of β due to fitting a higher number
of sessions into the same link. The table shows 0.45%, 4.06%
and 6.70% drop of the total number of packets for β= 0.89,
0.85 and 0.78 respectively. The proposed value of β (0.96)
ensures that no packets are dropped as shown in the table.
TABLE VIII
PACKET DROP RATIO AND ADMITTED SESSION OF Pro-IBMAC FOR
DIFFERENT β , Cl = 22MBPS
β Packet Drop Ratio % n
0.96 0 15
0.89 0.45 16
0.85 4.06 17
0.78 6.70 18
Improper values of β not only causes packet drop, but it
also degrades the MOS levels (discussed earlier) and increases
the delay. Fig. 5 demonstrates how a high number of sessions
caused by a low value of β can contribute to the increase of the
delay which can be substantial for a large number of sessions.
The disadvantage of lowering the value of β is not only
that it causes degradation to the MOS level of video sessions,
or increase in the delay and packet loss. We observed that
the decoder takes longer to decode and play back the received
video for low value of β, for instance when β=0.6 for 24Mbps
link. The ISP can tune the value of β to control the trade-off
between providing the required level of QoE and increasing
their revenue by accommodating as many user sessions as
possible.
VII. SUBJECTIVE TESTS
We performed subjective tests to involve human subjects
in rating the quality of videos. The tests followed the ITU-R
BT.500-13 recommendation [62]. The five-grade scale from
1 to 5 of the Single Stimulus (SS) adjectival categorical
judgment method was used in which 1 represents ’bad’ and
5 represents ’excellent’ quality. Each video was presented in
random order and rated individually by 17 subjects one at
a time. The number of participants exceeded the minimum
recommended number (15 subjects).
As the MAD sequence was chosen, 48 videos delivered
through different link capacities and different values of β
shown in Table VII, Fig. 8 and Fig. 9 were used in the tests.
They were decoded from the simulations and selected from
Fig. 4 (MOS 5), Fig. 8 (MOS 2, 3, 4 and 5) and Fig. 9 (MOS
3, 4 and 5). The description of the testing video sequence,
coding and network parameters were the same as described
in Tables II and VI. Each video was identified by the MOS
value calculated with Evalvid, regardless of the capacity of the
link and/or value of β. The aim was to have variety of videos
with different MOS values through changing the capacity of
the link and value of β. The simulated β and predicted β of
the testing videos will be plotted in Section VIII.
The videos were presented in their original size (352x288),
embedded in a separate web page with grey background
and rated on the same page. There were two sessions, each
lasting up to 30 minutes with 10 minutes break in between.
To stabilize the subjects’ opinion, five dummy videos were
displayed at the beginning of the session without considering
their scores. Prior to the actual rating, the subjects were
carefully introduced to the assessment method, likely quality
artifacts that might be observed, rating scale and timing. They
were given unrestricted time and the viewing distance was
comfortable.
The tests were conducted in a white background laboratory
on 29 inch LCD monitor (Dell P2213) with 1680x1050
resolution and 32 bit true color. 5 female and 12 male non-
expert observers participated in the tests. All participants were
university students, 1 in the range of 18-25, 7 in the range of
26-30 and 9 over 30. At the end of the tests, subjects who were
surveyed on the duration and comfortability of the tests did
not express any concern. The subjects were screened for any
possible outliers following the screening procedure of the SS
method [62]. Two subjects have been eliminated and their data
were not considered in the analysis. The MOS was calculated
by taking the mean score for each of the videos following the
procedure described in [62].
The bar chart in Fig. 10 illustrates the subjective mean MOS
of every presented video with the confidence interval. It shows
the mean and range (the upper and lower limits) of MOS given
to each video by the subjects. The analysis shows that around
40% of the scores went for a MOS of 3.5. The distribution of
the scores is plotted in Fig. 11.
VIII. VALIDATION OF THE PROPOSED MODEL
In this section, the validation of the proposed model of β
with simulation results is explained. It also demonstrates the
validation of the simulated MOS with subjective MOS.
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The scatter plot in Fig. 12 shows the simulated MOS against
subjective MOS. Overall, the subjects were irritated by video
impairments, their scores therefore underestimate the simula-
tion scores. The majority of simulated MOS scores seen are
higher than subjective MOS. However, both scores are getting
closer for less impaired videos (subjective MOS between 4.78-
5). These videos were delivered with the proposed values
of β for each value of Cl. Note that as there are about 11
overlapping scores within this range, all can not be seen in
the figure. Overlapping of the scores can be further noticed in
Fig. 10, in which there are 11 scores in the range of 4.78-5.
The relationship is nearly linear correlated for videos delivered
with the proposed value of β that have MOS close to 5. This
indicates that the model can provide better quality for end
users with the proposed value of β.
β predicted by the model (Equation 11) has been validated
by the one found by simulations. Fig. 13 shows the resulting
β’s scatter point plot of the predicted β against simulated β
for slow and fast moving contents separately. As shown in
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Fig. 12. Validation of the simulated MOS with subjective MOS
Tables IV and V, the model of β suits fast moving content
with a correlation coefficient of 90.54% compared to 88.44%
for slow moving content. This can be also observed in Fig. 13.
Thus, the model best suits dynamic content with high variation
in bitrate. Note that there were few videos for each value of
β plotted in the figure, therefore the number of plotted points
is less than the number of the testing videos (48).
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Fig. 13. Validation of the proposed model of β with simulation results
As mentioned in Section V-B, the model of β can be applied
to other video formats with different values of coefficients
α and δ. It has been validated by QCIF video format using
the 45-seconds Deadline video sequence of 1374 frames. The
model achieved an adjusted R2 of 83.59% and RMSE of
0.0194. The values of α and δ were -0.1323 and 0.4991
respectively.
IX. CONCLUSION
We proposed a novel algorithm to find the upper limit of the
video total rate that can exceed a specific link capacity without
QoE degradation of ongoing video sessions. A mathematical
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model for the measurement algorithm was developed and
implemented in an admission control system. Its performance
has been validated by simulating publicly available video
sequences and subjective tests. The exceedable limit has been
defined by parameter β in the algorithm. This parameter
can be used by ISPs to balance the trade-off between QoE
and the number of video sessions. The simulation results
have shown that the proposed admission control compared to
calculated rate-based admission control optimizes the trade-
off relationship between QoE-Session through fine tuning the
value of β. The proposed algorithm can be applied within the
scope of the video format and coding parameters specified in
this paper. In future work, we will further develop the model
of β to include delay as another variable. The calculated MOS
will be compared with SSIM metric. Moreover, an implemen-
tation of the proposed scheme in a cross-layer architecture for
optimizing the QoE of video session will be investigated.
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